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Abstract
This work is focused on speaker clustering methods that are
used in speaker diarization systems. The purpose of speaker
clustering is to associate together segments that belong to the
same speaker and is usually applied in the last stage of the
speaker-diarization process. We concentrate on developing
proper representations of speaker segments for clustering. We
realize two different speaker clustering systems. The first is a
standard approach using a bottom-up agglomerative clustering
principle with the Bayesian Information Criterion as a merg-
ing criterion. In the second system we developed a fusion-
based speaker-clustering, where speaker segments are modeled
by acoustic and prosodic representations. In this way we ad-
ditionally model the speaker prosodic and phonetic character-
istics and combine them with the basic acoustic information of
speakers. This leads to improved clustering of the segments in
the case of similar speaker acoustic properties and poor acoustic
conditions.
Index Terms: speaker clustering, speaker diarization, prosodic
features

1. Introduction
Speaker diarization is the process of partitioning the input au-
dio data into homogeneous segments according to the speaker’s
identity. The aim of speaker diarization is to improve the read-
ability of an automatic transcription by structuring the audio
stream into speaker turns, and in cases when used together
with speaker-identification systems, by providing the speaker’s
true identity. Such information is of interest to several speech-
and audio-processing applications. For example, in automatic
speech-recognition systems the information can be used for
unsupervised speaker adaptation, which can significantly im-
prove the performance of speech recognition in large vocabu-
lary continuous speech recognition systems [1]. The outputs
of a speaker-diarization system can also be used in speaker-
identification or speaker-tracking systems, [2]. An overview of
the approaches used in speaker-diarization tasks can be found
in [3].

We built a speaker-diarization system that is used for
speaker tracking in BN shows [5]. The system was designed
in the standard way by including components for speech de-
tection, audio segmentation and speaker clustering. Since we
wanted to evaluate and measure the impact of speaker clus-
tering to the overall speaker-diarization performance, we built
a system where the components for speech detection and au-
dio segmentation remained fixed during the evaluation process,
while different procedures were implemented in the speaker-
clustering task. The components for speech detection and audio

segmentation have been already presented in [4, 21]. In this
work the speaker clustering module is explored.

The paper is organized as follows. In Section 2, a base-
line approach using a bottom-up agglomerative clustering prin-
ciple with the Bayesian information criterion for merging is
presented. Section 3 is devoted to the development of a novel
fusion-based speaker-clustering system, where the speaker seg-
ments were modeled by acoustic and prosodic representations.
The clustering procedures were assessed on a multilingual BN
audio database and the evaluation results are presented in Sec-
tion 4. A discussion of the results and the conclusions are given
in Sections 5 and 6.

2. Speaker Clustering
The speaker clustering in speaker-diarization systems aims
to associate or cluster together the segments from the same
speaker. Ideally, this clustering produces one cluster for each
speaker, with all the segments from a given speaker in a single
cluster. The dominant approach, used in several diarization sys-
tems is based on hierarchical agglomerative clustering, which
consists of the following steps [6]:

1. Initialization: each segment represents a single cluster;

2. Similarity measure: compute the pair-wise distances be-
tween each cluster;

3. Merging step: merge the closest clusters together and
update the distances of the remaining clusters to the new
cluster;

4. Stopping criterion: iterate step 3 until some stopping cri-
terion is met.

The main issues concerning the above speaker-clustering
approach include the choice of a proper similarity measure, the
proper representations of the cluster data and the usage of a suit-
able stopping criterion.

2.1. BIC-based Speaker Clustering

The most common choice for similarity measure in speaker
clustering is the Bayesian Information Criterion (BIC), which
was used in several speaker clustering systems [3, 5, 8].

The audio data segments are usually represented by acous-
tic features usually modeled by mel-frequency cepstral coeffi-
cients (MFCCs). The cluster data, represented by these features,
are in the BIC case modeled by single density full-covariance
Gaussian distributions. The similarity measure is defined as the
∆BIC measure, and is computed as the difference of the two
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penalized likelihoods, estimated from the two comparing clus-
ters [7]:

∆BIC(Ci, Cj) = LLH(Ci) + LLH(Cj)− LLH(Ci ∪ Cj)

− λ

2
#(Ci + Cj , Ci ∪ Cj) logN,

where LLH(Ci ∪ Cj),LLH(Ci),LLH(Cj) correspond to log-
likelihoods of models estimated on clusters Ci∪Cj , Ci and Cj

respectively, and #(Ci + Cj , Ci ∪ Cj) present the difference
in number of parameters, when the data in clusters Ci and Cj

is modeled separately by two models (Ci + Cj) or with one
model Ci ∪ Cj . N corresponds to the number of observations
in model estimations, i.e., the number of feature vectors in both
clusters. The penalty factor λ weighs between the quality of fit
of the models to the data and the complexity of the models.

Those clusters that produce the biggest negative difference
in terms of ∆BIC among all the pair-wise combinations of clus-
ters are joined together in the merging stage of the clustering.
The merging process is stopped, when the lowest ∆BIC score
from among all the combinations of clusters in the current clus-
tering is higher than a specified threshold, which is set in ad-
vance.

We implemented speaker clustering system by using stan-
dard MFCC features with the first order derivatives for cluster
representations. The Gaussians were modeled by single-density
full-covariance distributions, while the ∆BIC measure was op-
timized by varying the penalty factor in the BIC to achieve a
maximum performance of the speaker diarization system on a
development data.

When speaker clustering is used as one stage in a speaker-
diarization system, several improvements can be made to in-
crease the performance of the speaker diarization, like joint seg-
mentation and clustering [9] and/or cluster re-combination [10].
In our research we focused mainly on an evaluation of the
base speaker-clustering approach, and did not implement any
of these methods, even though they could be easily applied in
the same manner as they are applied in other systems.

Note that we also implemented an alternative approach,
where the clustering were performed by the Gaussian Mixture
Models [11], but we did not get any improvement over the base-
line BIC clustering [20].

3. Introducing Prosodic and Phonetic
Information to Speaker Clustering

The BIC-based speaker-clustering approach performs the clus-
tering by measuring the similarity between the speaker data,
based only on the acoustic representations. Since the acous-
tic representations perform reliably in most speaker-recognition
systems, they became an obvious choice also in speaker-
clustering approaches. Lately, however, several speaker-
recognition systems have attempted to include prosodic infor-
mation as well as acoustics to the representation of the speak-
ers [14]. Fusing of both representations was an attempt to re-
duce the need for speaker modeling in various acoustic environ-
ments and to provide additional information about the speaker’s
speech characteristics.

3.1. Prosodic and Phonetic Features

The development of the prosodic and phonetic features for
speaker clustering was inspired by a derivation of similar fea-
tures for speaker recognition [14], where they focused on cap-
turing the longer-range stylistic features of a person’s speaking

behavior. We followed this approach by producing three groups
of descriptors based on the voiced and unvoiced (VU) regions in
speech, which were related to pitch, energy and duration mea-
surements in speech signals:

• Energy features:

(1) energy mean: the estimated mean of the short-term
energy frames in the speech segment;

(2) energy variance: the estimated variance of the short-
term energy frames in the speech segment;

(3) rising energy frame rate: the number of rising short-
term energy frames in the speech segment divided
by the total number of energy frames;

(4) falling energy frame rate: the number of falling
short-term energy frames in the speech segment
divided by the total number of energy frames.

• Duration features:

(5) normalized VU speaking rate: the number of
changes of the voiced, unvoiced and silence units
in the speech segment divided by the speech-
segment duration;

(6) normalized average VU duration rate: the abso-
lute difference between the average duration of the
voiced parts and the average duration of the un-
voiced parts, divided by the average duration of all
the V, U units in the speech segment;

• Pitch features:

(7) f0 mean: the estimated mean of the f0 frames com-
puted only in the V regions of the speech segment;

(8) f0 variance: the estimated variance of the f0 frames
computed only in the V regions of the speech seg-
ment;

(9) rising f0 frame rate: the number of rising f0 frames
in the V regions of the speech segment divided by
the total number of f0 frames;

(10) falling f0 frame rate: the number of falling f0
frames in the V regions of the speech segment di-
vided by the total number of f0 frames.

All the above features were obtained from the individual
speech segments associated within each cluster. The VU re-
gions were detected by observing f0 pitch contours estimated by
the get f0 function in the ESPS-Waves toolkit [16]. The pitch
contours were additionally smoothed by using median filtering.

The features were designed by following the approach for
prosody modeling of speaker data [14] and the development of
the prosodic features for word-boundary detection in automat-
ically transcribed speech data [15]. Note that in [14] the pho-
netic features were extracted from the syllable-based regions
of speech, but we decided to use the voiced-unvoiced (VU) re-
gions. Using the VU regions in speaker clustering has several
advantages over the syllable-based representation. Both types
of sub-word units operate at nearly the same speech-region lev-
els and thus the same techniques for computing prosodic fea-
tures can be applied, but the VU regions can be detected with-
out the use of speech recognizers and are language independent,
which is not the case when the speech units are represented by
syllables or words.

The main reason of integrating the prosodic and phonetic
features into the speaker clustering was to provide information
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in addition to the basic acoustic features in order to gain some
improvement in the speaker clustering in the case of adverse
acoustic conditions.

3.2. Similarity Measure

We had to additionally develop a new similarity measure for
the comparison of the clusters represented by prosodic features
and a fusion-based merging criterion to combine the similarity
scores of the acoustic and prosodic representations of the clus-
ters. The prosodic measure was defined on speaker clusters by
computing the Mahalanobis distance between the speaker seg-
ments represented by the prosodic feature vectors. This proce-
dure involved the following steps:

1. Each segment si is represented by the vector vpros
si

constructed from 10 prosodic features, defined in Sec-
tion 3.1.

2. The Mahalanobis distance between the speaker segments
si and sj represented by the prosodic feature vectors is
computed as:

dp(si, sj) =
√

(vpros
si − vpros

sj )TS−1(vpros
si − vpros

sj ),

(1)
where S is the covariance matrix estimated from all of
the segments represented by the prosodic feature vectors.

3. The linkage function between the speaker cluster Ci ,
composed of the speaker segments {si|i = 1, . . . , Ni},
and the speaker cluster Cj , composed of the speaker
segments {sj |j = 1 . . . , Nj}, is then defined as the av-
erage of all the pair-wise combinations of segments from
both clusters:

dp(Ci, Cj) =
1

NiNj

∑
si∈Ci

∑
sj∈Cj

dp(si, sj) (2)

Lower scores in (2) correspond to a better similarity be-
tween the clusters represented by the prosodic features.

3.3. Fusion of Acoustic and Prosodic Features

To make a fusion of the BIC measure and our Mahalanobis-
based distance in the merging step of the speaker clustering the
min-max score normalization of both similarity measures was
applied. We obtained this by computing the minimum and max-
imum values from among all the pair-wise cluster combinations
at the current step of merging. The normalized version of the
prosodic measure from (2) was defined as:

dnp(Cr, Cs) =
dp(Cr, Cs)−minCi,Cj dp(Ci, Cj)

maxCi,Cj dp(Ci, Cj)−minCi,Cj dp(Ci, Cj)

The normalized version, dn∆BIC , of the ∆BIC was computed
in the same fashion.

A score-based fusion of both representations of the speaker
clusters was then produced by applying weighted sum of the
normalized versions of both similarity measures in the follow-
ing way:

fus(Cr, Cs) = α · dn∆BIC (Cr, Cs) + (1− α) · dnp(Cr, Cs)

The fusion weight parameter α was tuned on the develop-
ment set within the training procedure.

The speaker clustering was performed by following the
same clustering procedure as described in Section 2. The only
difference was in the merging step, where a minimum from
among the fusion scores was used instead of the baseline BIC-
based measure.
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Figure 1: Speaker-diarization results on the COST278 BN
database, when using different clustering approaches. The
lower DER values correspond to a better performance.

4. Evaluation Experiments
Our experiments were carried out on a BN multilingual speech
database COST278, which is composed of 30 hours of BN
shows in nine European languages [17], and was already used
for the evaluation of different language- and data-independent
procedures in the processing of audio BN shows [5].

Since we only wanted to assess the performance of the
speaker-clustering approaches the procedures for speech/non-
speech-detection and audio-segmentation remained the same in
all the evaluation experiments. The speech/non-speech detec-
tion was applied by the approach, presented in [4], while the
audio segmentation was carried on by the approach, presented
in [21]. All the open parameters of the procedures were cho-
sen according to the optimal speaker-diarization performance
of the corresponding clustering approaches on the development
dataset, that was composed of 7 hours of BN audio data from
the SiBN database [18].

The speaker-clustering approaches were evaluated by mea-
suring the speaker-diarization performance in terms of the di-
arization error rate (DER), [19].

5. Discussion of the Results
The speaker-diarization results are shown in Figure 1. The DER
results should be interpreted as follows: the DER results at the
evaluation point 0 correspond to the average of the DER across
all the evaluated audio files, where the number of clusters is
equal to the actual number of speakers in each file, the DER
results at evaluation point +5 correspond to the average of the
DER across all the evaluated audio files, where the number of
clusters exceeds the actual number of speakers in each file by 5,
and analogously, the DER results at evaluation point -5 corre-
spond to the average of the DER across all the evaluated audio
files, where the number is 5 clusters lower than the actual num-
ber of speakers in each file, and so on.

The clust REF BIC and the clust FUSION results in Fig-
ure 1 correspond to the baseline BIC approach and the fusion
approach, respectively.
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The overall performance of both peaker-clustering ap-
proaches can be compared by inspecting the difference in the
DER results at the points, that correspond to the same number
of clusters. The DER trajectories of both approaches achieved
their minimum DER values around the evaluation point 0. This
means that if the corresponding clustering approaches were to
be stopped when the number of clusters would be equal to the
number of actual speakers in the data, both of the approaches
would exhibit their optimum speaker-diarization performance.
At that point the best clustering result of around 18% DER was
achieved with the clust FUSION approach. Also across the
whole range of evaluation points the clust FUSION approach
produced overall better speaker-diarization results in compari-
son to the baseline system.

Another interesting conclusion can be drawn from observ-
ing the flatness of the DER trajectories around the evaluation
point 0. Since the proposed evaluation measure aimed to com-
pute the DER values at the relative numbers of clusters in each
file, no stopping criteria needed to be applied; however, in prac-
tice the proper stopping of the clustering should be ensured. The
optimum stopping criteria should end the merging process at the
point with the lowest DER, which should coincide with the eval-
uation point 0, where the number of clusters is equal to the num-
ber of actual speakers in the data. Around this point it is better
for the approaches to produce relatively flat DER trajectories,
which would result in a small loss of speaker-diarization per-
formance, when the stopping criteria would not find the exact
position for ending the merging process. In our case, the DER
trajectory, produced by the clust FUSION approach, is flatter
around the evaluation point 0 than is the DER trajectory, pro-
duced by the clust REF BIC approach.

As such, our experiment showed, that in the case of ad-
verse acoustic conditions, which are included in the COST278
BN data, it was better to model clusters by adding prosodic and
phonetic information to the segment representations rather than
modeling them just with acoustic representations as in the case
of clust REF BIC approach.

6. Conclusion
Our research aimed to explore the usefulness of the prosodic
and phonetic information in a speaker-clustering process. We
concentrated on developing acoustic and prosodic character-
istics of the speaker segments for clustering and proposed a
new speaker clustering, based on the fusion of both represen-
tations. We performed the evaluation experiment, where the
overall diarization error rate was used as an assessment mea-
sure. The evaluation results speak in favor of the proposed
fusion approach, from which it can be concluded, that by in-
cluding prosodic information in addition to the basic acoustic
representations help to improve clustering of the segments in
the case of similar speaker acoustic characteristics in adverse
acoustic conditions.
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